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a b s t r a c t
The yield spread is known to be closely related with business cycles identiﬁed by the National Bureau of
Economic Research. It is low near peaks and high near troughs. This paper builds on this known relationship
and examines the response of the income distribution in the U.S. due to variation in the yield spread.
The purpose is to identify the signiﬁcance and sign of the impact changes in economic conditions have
on the distribution of income over the period 1927–2011. Clark and McCracken’s (2001) 1-step ahead
encompassing tests from nested linear models are initially estimated to determine the predictive power
of the yield spread on the distribution of income. Results strongly reject the null hypothesis that the yield
spread has no predictive content for changes in the distribution of income. Speciﬁcally, increases in the
yield spread are found to correspond with subsequent increases in top income shares.
© 2016 Board of Trustees of the University of Illinois. Published by Elsevier Inc. All rights reserved.

1. Introduction
“Historically, the slope of the yield curve has been such a reliable
predictor of economic conditions that economists at the New York
and Cleveland Federal Reserve banks use it to calculate the probability of recession”.1
The yield spread (slope of the yield curve) has historically been
used as a gauge to measure the risk to bond investors of unexpected inﬂation. However, standard asset pricing suggests that the
yield spread is also a good proxy for the “state” of the economy.
During periods in which the economy is expected to be performing
well, the yield spread will be higher than in time periods in which
economic performance is expected to be poor. Fig. 1 displays the
yield spread, the difference between 10-year Treasury bonds and
1-month Treasury bills, over much of the last century along with
NBER recession dates. The spread contracts before each economic
downturn, including the recession beginning in 2007. The rationale
behind the identiﬁed link, according to the literature,2 is explained
by the following three hypotheses. The ﬁrst hypothesis suggests
that the link between the yield spread and expected economic conditions is driven by the effects of monetary policy. Assume that
the central bank initiates monetary policy expansion by lowering
short-term interest rates. Since the decreases in the rates are not

E-mail address: edmond.berisha@fairmontstate.edu
http://www.wsj.com/articles/why-a-recession-could-arrive-without-a-yieldcurve-warning-1454754607.
2
Fama and French (1989), Estrella and Hardouvelis (1991), Bonser-Neal and
Morley (1997), and Ozturk and Pereira (2013).
1

permanent, agents expect the future short-term rates to be higher
than the current short term rates. As such, the long term rates will
decrease by less than the changes in the short term interest rates
leading to an upward-sloping yield curve. Given that expansions of
monetary policy are followed with increases in output, we should
expect the upward sloping yield curve to be followed with economic expansions. The second hypothesis is that the relationship
between the yield spread and economic conditions is inﬂuenced by
the expectations of ﬁnancial market participants about future economic growth. As agents start to anticipate an economic expansion,
they will expect higher inﬂation in periods of higher growth. Thus,
such expectations are likely to lead to increases in long term interest rates and upward-sloping yield curves. The third hypothesis
claims that the current economic decisions of agents contribute to
the positive relationship between the yield spread and subsequent
economic growth. For example, an increase in expected future
income creates proﬁtable investment opportunities today. As such,
market participants will take advantage of these investment opportunities through borrowing and issuing bonds. Investments are
typically long term, leading the bond issues to also be long term.
An increase in the supply of longer term bonds reduces their price
and increases their yield. Long-term rates will rise relative to shortterm rates, and the yield curve will steepen as economic conditions
are expected to improve (Bonser-Neal & Morley, 1997).
Thus, given the macroeconomic and ﬁnancial informational content of the yield spread, this paper explores the predictive power
of the yield spread on the changes in the income distribution.
There are several different channels through which variation in the
yield spread may be useful in anticipating changes in the income
distribution. First, as noted above, the yield spread does imbed

http://dx.doi.org/10.1016/j.qref.2016.12.002
1062-9769/© 2016 Board of Trustees of the University of Illinois. Published by Elsevier Inc. All rights reserved.
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Fig. 1. Variation of yield spread overtime.
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Fig. 2. Median value of ﬁnancial assets.

expectations regarding inﬂation. Given the importance of inﬂation
and inﬂation expectations for equity markets and ﬁnancial market participants, changes in the yield spread may have predictive
power on changes in the income distribution through projecting
the returns from ﬁnancial products.3 Fig. 2 clearly shows that the
real value of the ﬁnancial assets held by the top 10% of households
have tripled over the last 20 years, whereas, for the bottom 90%,
the value of the assets barely increased.
Thus, changes in ﬁnancial markets returns caused by changes in
economic conditions (captured by the variation in the yield spread)
could have an income distributional effect. Secondly, given that
increases in the yield spread reﬂect market expectations for positive real economic activity, it is likely that not all households have
the resources to take advantage of proﬁtable investment opportunities today. Thus, variations in anticipated business conditions,
approximated by the yield spread, would lead to changes in the
income distribution.
Previous literature regarding the income distribution and
economic conditions is vast. However, it has primarily concentrated around the contemporaneous relationship between income

3
The use of the yield spread as a variable in predicting asset returns has been
used extensively beginning with Fama and French (1989).

inequality and ex-post economic growth, by mainly addressing
the question of how the income distribution effects overall economic growth. Persson and Tabellini (1991) show that, for a one
standard deviation (0.07) increase in the income share of the top
20%, the average annual growth rate in GDP decreases by approximately half a percentage point. Similarly, Mo (2000) concludes
that income inequality has a negative effect on the GDP growth
rate. Forbes (2000) challenges the belief that income inequality has
a negative effect on economic growth. However, it is suggested
that this might be because the paper focuses on the short and
medium term (10 years) within individual countries. The positive
relationship may diminish or even reverse if a longer period could
have been used (Forbes, 2000). Barro (2000) concludes that the
effect of income inequality on economic growth is different contingent on the state of economic development. Income inequality
in poor countries hinders economic growth, but income inequality
in rich countries encourages economic growth. Particularly, Barro
(2000) shows that increases in income inequality impedes economic growth for the countries that have GDP per capita below
$2070, and supports economic growth for the countries with GDP
per capita over $2070. Partridge (2005) ﬁnds that inequality and
growth are positively related, speciﬁcally the middle class measured by the middle-quintile income share (Q3) is positively related
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to growth. Similarly, Frank (2009) shows that the positive long-run
association between inequality and growth across the US states is
mainly driven by the income shares of the top 1%. The estimated
coefﬁcients show that a two-standard deviation increase in the top
1% income shares would increase the long-run growth rate of real
income per capita by 0.066%. On the other hand, only a few studies examine the impact of business conditions on the distribution
of income. It is suggested that rich households are more vulnerable to aggregate ﬂuctuations than poorer households. Parker and
Vissing-Jorgensen (2009) ﬁnd that a 3% point decline in the growth
rate of aggregate real per capita consumption of nondurables and
services will lead to a decline of about 1.5% points in the growth
rate of real per household consumption for those in the bottom
80%, of around 10% points for those in the top 20%, and of around
16% points for those in the top 10%—all relative to trend. The reason
is that the incomes of the top income groups have larger sensitivities to aggregate growth. Particularly, the incomes of the top 0.1%
of tax units have sensitivities of about 7 to aggregate consumption
growth and about 3 to aggregate income growth.
This paper contributes to the existing literature by testing how
the anticipated changes in economic conditions, approximated by
the yield spread, drive changes in the distribution of income. The
analysis presented in this paper helps us better understand who
gains from expected economic growth. The long time-series analysis, since 1927, allows for a long-term examination of changes
in inequality to variations in economic conditions, estimated by
the yield spread. The relationship is examined after controlling for
existing economic conditions, as captured by changes in unemployment or changes in real disposable income. To ensure that the
relationship between the yield spread and the income distribution
is not driven by the realized future growth, as a robustness test, a
one year forward growth rate in industrial production is included
in the model. It should be noted that the signiﬁcance of the yield
spread as a predictor of real economic activities is well established
in the literature. Estrella et al. (2003) provides a great summary of
the papers that document that the yield spread helps to predict subsequent economic growth. Similarly, Wheelock and Wohar (2009)
survey more recent literature, and they assert that the yield spread
does predict output growth and recessions.
The signiﬁcance of the yield spread as a predictor of the changes
in income distribution is initially documented by implementing
Clark and McCracken’s (2001) out-of-sample Granger causality test.
Two alternative models, one that includes the yield spread and
another one that does not account for it are put to a head-to-head
test. The models are estimated over the shortened span of data and
the estimates are used to forecast the observations of the holdback
period. The forecast errors from the two models are compared to
determine the signiﬁcance of the yield spread in predicting variations in the income distribution. Then, the generalized impulse
responses and the generalized variance decompositions are used
to link together the yield spread, ﬁnancial markets, existing economic conditions, and the distribution of income under a common
framework.
To preview, ﬁndings indicate that the yield spread has strong
predictive power on changes in the income distribution across
three different measures. Particularly, increases in the yield spread
correspond with subsequent increases in top income shares, leading to increases in income inequality. Results also show that
realized future growth rates in the stock market or industrial production feed into increases in income inequality. Interestingly, the
results reveal that the increases in top income shares have no statistically signiﬁcant impact on realized expected growth rates.
The rest of the paper proceeds as follows. Section 2 discusses
the data sources. Section 3 discusses the Clark and McCracken
out-of-sample tests. Section 4 discusses the generalized variance
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decompositions and generalized impulse response functions and
Section 5 concludes.

2. Data
The yield spread is deﬁned as the difference between long
term interest rates (10-years) from Robert Shiller’s website and
one-month Treasury bill rates from the WRDS database. For a
robustness check, the yield spread is also deﬁned as the difference
between Moody’s Seasoned AAA Corporate Bond Yield from the
FRED Database and one-month Treasury bill rates. Annual S&P 500
data are obtained from the FRED database. Unemployment rates
represent the percentage of the civilian labor force that is unemployed. This data is from the FRED database and Census.gov. Data
for industrial production and real disposable income are from the
FRED database.
The ﬁrst measure of income inequality is the Gini coefﬁcient,4
which summarizes the distribution of income into a single numerical index. It ranges between 0 and 1, where 0 indicates perfect
equality and 1 indicates that a small group owns all resources. One
criticism about the coefﬁcient is that it does not let us clearly understand how much income is received by different groups within the
wealth distribution. Particularly, we may not be able to capture
the changes occurring at the top of the income distribution. Therefore, income inequality is analyzed by looking at the evolution of
the shares of top centiles relative to the rest of income earners by
constructing a Theil index using data on income shares for the top
1% and bottom 99% of income earners from the World Top Income
Database. This allows us to better understand the disproportionate share of growth taken by the top end of the distribution as
in Piketty (2014) and Dew-Becker and Gordon (2005). The Theil
index, as deﬁned below, provides a measure of the discrepancies
between the distribution of income and the distribution of population between groups of individuals. If all population groups have
an income share equal to their population share, the overall Theil
index is zero. For instance, the top 1% of earners would get 1% of
income and the bottom 99% of earners would get 99% of the income.
As such, the index for the top 1% was constructed as follows:
T = Itop1 × |Itop1 − Ntop1 | + Ib99 × |Ib99 − Nb99 |
where the I’s indicated the income share of the various income percentiles and the N’s indicate the size of the respective percentiles
(here they would simply be 0.01 and 0.99).
Additionally, the Inverted Pareto-Lorenz coefﬁcient (IPAR),
which measures income inequality between the top 1% and 0.1%
of income earners is used as a third income inequality measure
(Piketty & Saez, 2001), Atkinson, Piketty, and Saez (2011) and
Piketty and Saez (2001) give a detailed description on how the top
income shares are estimated). The top income shares are based
on tax returns data published by the Internal Revenue Service
(IRS). The income deﬁnition they use is a gross income deﬁnition
including all the income items reported on tax returns (prior to
deductions): salaries and wages, small business and farm income,
partnership and ﬁduciary income, dividends, interest, rents, royalties, and other small items reported as other income. Then, the
income shares are estimated by dividing the income amounts
accruing to each top fractile by total personal income computed
from the National Accounts. In this paper, the calculated top income
shares including capital gains are used. The time period analyzed
is from 1927 to 2011.

4

From Frank–Sommeiller–Price Series.
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Fig. 3. Time variation of the three income inequality measures.

Looking at Fig. 3, we can see that, relative to the other two
inequality measures, the Gini coefﬁcient has a relatively lower variance and slope, particularly for the period post-1980s.
As mentioned before, this can lead the Gini coefﬁcient to underestimate the true level of income inequality. Thus, using three
distinct measures of income inequality allows us to better predict
which income groups are mostly expected to be affected by future
changes in economic conditions.

Table 1
Tests of predictive power of the yield spread for all three measures of income
inequality.
Test

Test value
Gini coeff.

Ipar

Top 1% Thiel

10%

5%

1%

MSF-F
MSF-t
ENC-F
ENC-t

=1
−1.702
−0.233
6.299***
1.792**

2.394**
0.717*
3.667***
2.062***

3.276**
0.564*
6.743***
2.148***

0.752
0.438
0.995
0.953

1.552
0.767
1.601
1.333

3.607
1.433
3.237
2.05

MSF-F
MSF-t
ENC-F
ENC-t

 = 0.5
3.313***
0.524
5.879***
1.791**

1.615**
0.589
2.311**
1.52**

4.728***
1.112**
4.842***
2.012***

0.804
0.625
0.743
1

1.438
0.981
1.206
1.371

2.992
1.565
2.406
2.002

3. Clark and McCracken out of sample tests and results
The signiﬁcance of the yield spread in predicting income
inequality is initially tested by estimating Clark and McCracken 1step ahead forecasts from nested linear models. This test is done
in two stages. First, forecasts of the variable of interest (income
inequality) are constructed using a model that includes all three
variables and then a second time excluding the variable with presumed predictive content (yield spread). Second, given the two
calculated forecast errors, tests of forecast encompassing are performed. The null hypothesis is that the unrestricted model nests
the restricted model, whereas the alternative hypothesis is that
the unrestricted model is correct. This is more in the spirit of the
deﬁnition of Granger causality that employs post-sample forecast
tests rather than the standard full-sample causality test (Clark &
McCraken, 2001).
Two different in-sample and out-of-sample portions are used to
test for the predictive power of the yield spread on income inequality. The ﬁrst portion,  = 1, spans the in-sample period from 1927
to 1968 and out-of-sample period from 1969 to 2011; whereas the
second portion spans the in-sample period from 1927 to 1983 and
out-sample period from 1984 to 2011. Using the Akaike Information Criteria (AIC) and Bayesian/Schwarz Information Criteria (SIC),
a lag of length 1 is chosen. As reported in Table 1, almost all of the
encompassing tests reject the null hypothesis that the yield spread
has no predictive content about changes in income inequality. This
indicates that the variation in economic conditions, approximated
by the yield spread, have income distributional effects. The results
are stronger for income inequality measures that speciﬁcally capture top income shares: the Top 1% Thiel index and the Inverted
Pareto Lorenz Coefﬁcient (IPAR). Once the beginning of the 1980s is
included as part of the in-sample period, it can be seen from Table 1

Asymptotic critical values

Note:  = 1, spans in-sample period from 1927 to 1968 and out-of-sample period
from 1969 to 2011;  = 0.5, spans in-sample period from 1927 to 1983 and outsample period from 1984 to 2011.
The italic values are followed with description at the bottom of the table. For example
for  = 1, means in-sample period from 1927 to 1968 and out-of-sample period from
1969 to 2011 and so on.
***
1% level of signiﬁcance.
**
5% level of signiﬁcance.
*
10% level of signiﬁcance.

that the model that uses the Gini coefﬁcient as the income inequality measure improves in predicting changes in income inequality.
The documented results are unchanged even when expected
returns in the stock market are replaced with one-year realized
future growth rates in industrial production.5
4. Generalized impulse responses and generalized variance
decompositions
To identify the link between the yield spread and the income
distribution the following 4-variable VAR (p) model is estimated:
Zt =

p


i Zt−i + εt ,

t = 1, 2, . . ., T

(1)

i=1

5
To save space these results are not reported in the paper, but they are available
upon request.
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Fig. 4. Generalized impulse responses of income inequality using Gini as income inequality measure.

Fig. 5. Generalized impulse responses of income inequality using top 1% Thiel index as income inequality measure.





where Zt = yst S&Pt+1 uet ineqt is a vector of jointly
determined dependent variables: the yield spread (yst ), S&P 500
index (S&Pt+1 ),6 unemployment (uet ), and income inequality
(ineqt ). ε∼(0, ) is a vector of independent and identically distributed error terms. The lag length for (1) was selected using the
Bayesian/Schwarz Information Criteria (SIC), which suggested p = 1.
Again, yst is deﬁned as the difference between long term interest
rates (10-years) and one-month Treasury bill rates. S&Pt+1 represents the realized expected returns in the stock market. As such, it
captures future economic conditions. It also helps us to identify the
stock market channel through which the yield spread might impact
income inequality. For robustness, future economic conditions are
also measured using a one-year forward growth rate in industrial
production. uet represents changes in unemployment and is used
to control for current business cycle conditions. Changes in real
disposable income is used as another measure to control for current business conditions. Thus, controlling for future and current

business conditions allows us to explicitly capture the response of
income inequality to variations in the yield spread.
Following Koop, Pesaran, and Potter (1996), generalized impulse
response functions are generated. Therefore, deﬁning the known
history of the economy up to time t − 1 by the non-decreasing information set t−1 , the generalized impulse function of Yt at horizon
n is deﬁned by



100*[log(S&Pt + 1 ) − log(S&Pt )].









(6)

where ı represents the shocks hitting the economy, and assuming
εt has a multivariate normal distribution the conditional expectation of the shock is deﬁned as in the following:





E εt |εjt = ıj =



1j ,

2j , . . .,

mj



−1
ıj
jj

= ej

−1
ıj
jj

(7)

Therefore, the m × 1 vector of the (unscaled) generalized impulse
response of the effect of a shock in the jth equation at time t on zt+n
is given by



An ej



6



GIz n, ı, t−1 = E Zt+n |εt , t−1 − E Zt+n |t−1

jj



ı

j

,
jj

n = 0, 1, 2, . . .

(8)
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Letting ıj =



jj , the scaled generalized impulse response function

The net pairwise volatility spillovers, are deﬁned as

by:

g

1
−
g
(n) = jj 2 An ej ,
j

n = 0, 1, 2, . . .

(9)

which measures the effect of one standard error shock to the jth
equation at time t on expected values of Zt at time t + n.
Then following Diebold and Yilmaz (2012) the generalized variance decompositions are estimated, which allow one to assess the
fraction of the H-step-ahead error variance in forecasting zi that is
due to shocks to zj , ∀j =
/ i, for each i. Diebold and Yilmaz (2012) use
the structure of Koop et al. (1996) to produce variance decompositions that are invariant to the ordering of the variables because of the
use of the historically observed distribution of the errors. Diebold
and Yilmaz (2012) deﬁne the own variance shares as the fraction
of the H-step-ahead error variances in forecasting zi that are due
to shocks to zi for i = 1,2, . . .. . ., N and cross variance shares as the
fraction of the H-step-ahead error variances in forecasting zi that
are due to shocks to zij for i,j = 1,2, . . .. . ., N such that i =
/ j. The Koop
et al. (1996) H-step-ahead forecast error variance decompositions
are
g
(H)
ij

=

2
−1 H−1 
h=0 (ei Ah ej )
jj
H−1
(e A ei )
h=0 i h

(11)

where
is the variance matrix for the error vector ε, jj is the
standard deviation of the error term for the jth equation, and ei is
the selection vector, with one as the ith element and zeros otherwise. Because the sum of the elements in each row of the variance
decomposition table need not equal 1, Diebold and Yilmaz (2012)
normalize each entry in the variance decomposition matrix by:
˜ g (H) =
ij

g
(H)
ij
g
N
j=1 ij (H)

(12)
g

(H) = 1. Diebold and Yilmaz
such that by construction N
j=1 ij
(2012) then use the volatility contributions from the above generalized variance decomposition to construct the total spillover index
as:
N

i, j = 1

˜ g (H)
ij

/ j
i=

S g (H) =

∗ 100

N

(13)

Thus, the total spillover index measures the contribution of
volatility shocks across the four variables in our VAR to the total
forecast error variance. Subsequently, Diebold and Yilmaz (2012)
provides the decomposition layout of the total spillovers coming
from (or to) a particular variable. The volatility spillover by variable
i to all other variables is j is
N

j=1

˜ g (H)
ij

j=
/ i

g

Si (H) =

∗ 100

N

(14)

Similarly, the directional volatility spillovers transmitted by variable i to all other variables j is
N

j=1

˜ g (H)
ji

j=
/ i

g

Si (H) =

∗ 100

N

(H) =

g
S·i

g
(H) − Si ·

(H)

(H) =

˜ g (H) − ˜ (H)
ij
ji
N

∗ 100

(17)

4.1. Results
4.1.1. Generalized impulse response functions
Figs. 4–6 show the generalized impulse responses of income
inequality using the three measures. For ease of exposition, the
impulse responses are standardized and accumulated.
A positive one standard deviation shock to the yield spread
has a contemporaneous, statistically signiﬁcant, positive effect on
income inequality. The impact ranges from 0.4 to 0.75 standard
deviations, depending on the income inequality measure used. The
largest impact is for the Gini coefﬁcient. The point estimates remain
positive and signiﬁcant over the ten-year period across the three
measures. The results indicate that the subsequent improvements
in economic conditions are beneﬁcial mainly for the households
at the top end of the income distribution. This is also documented
by the positive effect of expected returns in ﬁnancial markets on
income inequality. Particularly, a one standard deviation increase
in expected returns leads to approximately a 0.8 standard deviation increase in income inequality. Results are consistent across
the three inequality measures and remain signiﬁcant over the
ten-year period. This is not a surprise given that ﬁnancial assets
are mainly held by wealthy households. Thus, a positive shock to
ﬁnancial assets should correspond with increases in top income
shares. Interestingly, increases in unemployment seem to matter
only for the income inequality measure represented by the Top 1%
Thiel index, where a one standard deviation shock in unemployment corresponds with a 0.2 standard deviation increase in income
inequality. Changes in unemployment not affecting the other two
measures of income inequality is not that surprising. The Gini coefﬁcient is more sensitive to changes in the income shares of the
households at the lower to middle income groups. These groups
have barely experienced any movement in income/wealth over
broad sections of time; therefore, the variation in unemployment
does not have any effect on changes in income inequality, deﬁned
by the Gini coefﬁcient. Similarly, IPAR captures the income disparity
at the very top of the income distribution. Increases in unemployment not impacting the income disparity at the very top of the
income distribution is not unexpected since increases in unemployment lead to losses for households mainly in the middle and
bottom of the income distribution (Aaberge et al., 2000).
To ensure that the positive relationship between the yield
spread and income inequality is not being driven by the realized
expected economic conditions, expected returns in stock market
are replaced with one-year forward growth rates in industrial
production (Figs. 7–9). The ﬁndings conﬁrm that the increases in
the yield spread correspond with subsequent increases in income
inequality, even after controlling for realized expected economic
conditions. The documented empirical ﬁndings remain intact when
real disposable income is used as an indicator of current business cycles. Interestingly, the ﬁndings suggest that realized future
growth contributes to the growth in income inequality. Note, the
positive response of income inequality to increases in the yield
spread holds even when the yield spread is deﬁned as the difference between Moody’s Seasoned AAA Corporate Bond Yield from
the FRED Database and one-month Treasury bill rates.7

(15)

The net spillover from variable i to all other variables j is
g
Si

g
Si

(16)

7
Findings when real disposable income is used for measuring current economic
conditions and for the alternative speciﬁcation of the yield spread are available upon
request.
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Fig. 6. Generalized impulse responses of income inequality using IPAR as income inequality measure.

Fig. 7. Generalized impulse responses of income inequality using Gini as income inequality measure.

Fig. 8. Generalized impulse responses of income inequality using top 1% Thiel index as income inequality measure.
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Fig. 9. Generalized impulse responses of income inequality using IPAR as income inequality measure.

Fig. 10. Generalized impulse responses of expected returns using Gini as income inequality measure.

Fig. 11. Generalized impulse responses of expected returns using Top 1% Thiel index as income inequality measure.
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Fig. 12. Generalized impulse responses of expected returns using IPAR as income inequality measure.

Figs. 10–12 display the generalized impulse responses of the S&P
500 realized expected returns. In close correspondence with the literature (Fama & French, 1989), we can see that increases in the yield
spread lead to positive expected returns in ﬁnancial markets. A one
standard deviation increase in the yield spread leads to a 0.5 standard deviation increase in expected returns. Interestingly, increases
in income inequality seem to be beneﬁcial for ﬁnancial markets. For
a one standard deviation increase in income inequality, expected
returns in ﬁnancial markets increase by approximately 0.4 standard deviations. The results are stronger when the Gini coefﬁcient
is used as the income inequality measure, whereas for the other two
measures, IPAR and the Top 1% Thiel index, the signiﬁcance of the
results drops after one year. The ﬁndings suggest that, as wealthy
households become richer, they accumulate more ﬁnancial wealth,
leading to positive returns in ﬁnancial markets.
Similarly, results show that increases in the yield spread predict
subsequent increases in the realized future growth (Figs. 13–15).
On the other hand, the results indicate that increases in income
inequality have no statistically signiﬁcant impact on subsequent
economic growth.
Figs. 16–18 display the generalized impulse responses of unemployment. A positive one standard deviation shock to the yield
spread corresponds with a 1.5 standard deviation decrease in
unemployment. Correspondingly, increases in expected returns in
ﬁnancial markets lead to a lower unemployment rate. Particularly,
a one standard deviation increase in expected returns decreases
unemployment by almost 1 standard deviation. Results are in close
correspondence with the economic intuition, where improvements
in economic conditions are followed with lower unemployment
rates. This can be also seen from Figs. 19–21, where increases in
realized future growth corresponds with decreases in the unemployment rate.
4.1.2. Generalized variance decompositions
Fig. 22 displays the Diebold and Yilmaz (2012) generalized variance decompositions using Gini coefﬁcient as income inequality
measure (Diebold and Yilmaz, 2012).
The last bar in Fig. 22 displays the contribution of the variation
in income inequality explained by the other variables in the model.
As can be seen, 9% of the variation in income inequality is contributed to the yield spread, 24.3% to the stock market, and 0.6% to
unemployment. Overall, 34% of the variation in income inequality
represented by the Gini coefﬁcient is explained by these 3 vari-

ables. In addition, approximately 22% of the variation in expected
returns comes from the yield spread and Gini coefﬁcient. Note, 19%
of the variation in unemployment is driven by the yield spread and
almost 18% by expected returns in the S&P 500.
Fig. 23 displays the Diebold and Yilmaz (2012) generalized variance decompositions using Top 1% Thiel index as income inequality
measure (Diebold and Yilmaz, 2012).
As can be seen in the last bar of Fig. 23, a great amount of the variation in income inequality is attributed to the other three variables
in the VAR. Together the three variables explain 44% of the variation in income inequality with 17% attributed to the yield spread,
24% attributed to expected returns in the stock market, and 3%
attributed to unemployment. The results again conﬁrm that a large
amount of the variation in unemployment (40%) is explained by the
yield spread and expected returns in the stock market.
Lastly, Fig. 24 displays the Diebold and Yilmaz (2012) generalized variance decompositions using Inverted Pareto Lorenz
Coefﬁcient (IPAR) as income inequality measure (Diebold and
Yilmaz, 2012).
As can be seen from the last bar of the ﬁgure, 32% of the variation in top income shares is attributed to the other 3 variables in
the model. 14% of the variation is attributed to the yield spread,
17% is attributed to expected returns in the stock market, and 1.7%
is attributed to unemployment. Again, approximately 40% of the
variation in unemployment belongs to changes in the yield spread
and expected returns in stock markets. It should be noted that the
estimated variance decompositions remain roughly the same even
after replacing the expected returns in the stock markets with the
realized expected economic growth. The only difference is that the
relationship between the realized expected growth rate and the
unemployment rate is found to be stronger. Particularly, between
30 to 40% of variation in unemployment comes from the realized
expected economic growth rate and more than 40% of the variation
in realized expected economic growth is contributed to changes in
unemployment.8
In summary, the results document that subsequent improvements in economic conditions, as captured by increases in the yield
spread, are associated with higher levels of income inequality. Note,
one factor that links yield spreads with improvements in economic

8
These empirical ﬁndings are not reported in the paper, but they are available
upon request.
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Fig. 13. Generalized impulse responses of realized future growth using Gini as income inequality measure.

Fig. 14. Generalized impulse responses of realized future growth using Top 1% Thiel index as income inequality measure.

Fig. 15. Generalized impulse responses of realized future growth using IPAR as income inequality measure.
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Fig. 16. Generalized impulse responses of unemployment using Gini coefﬁcient as income inequality measure.

Fig. 17. Generalized impulse responses of unemployment using Top 1% Thiel index as income inequality measure.

Fig. 18. Generalized impulse responses of unemployment using IPAR as income inequality measure.
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Fig. 19. Generalized impulse responses of unemployment using Gini coefﬁcient as income inequality measure.

Fig. 20. Generalized impulse responses of unemployment using top 1% Thiel index as income inequality measure.

Fig. 21. Generalized impulse responses of unemployment using IPAR as income inequality measure.
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Fig. 22. Variance decompositions using Gini coefﬁcient as income inequality measure (Diebold and Yilmaz, 2012).

Fig. 23. Variance decompositions using top 1% Thiel index as income inequality measure (Diebold and Yilmaz, 2012).

conditions is monetary policy. As the Federal Reserve conducts
expansionary monetary policy, short term rates decrease more than
long term rates leading to an upward-sloping yield curve. Given
that the expansions of monetary policy are followed with growth
in output, the upward sloping yield curve will correspond with
subsequent economic expansion. Thus, monetary policy might be
one contributing factor in linking the yield spread with income
inequality. The ﬁndings suggest that expansionary monetary pol-

icy has played a role in inﬂuencing the income distribution in the
U.S. This should not be seen as a surprise since wealthy households have better access to capital markets to take advantage of
low interest rates and invest in equities and other entrepreneurial
activities. Another important factor that can explain the positive
relationship between the yield spread and income inequality is the
anticipation of future inﬂation. As agents start to anticipate higher
economic growth, they will expect higher inﬂation in periods of

376

E. Berisha / The Quarterly Review of Economics and Finance 65 (2017) 363–377

Fig. 24. Variance decompositions using Inverted Pareto Lorenz Coefﬁcient (IPAR) as income inequality measure (Diebold and Yilmaz, 2012).

high growth. Such expectations are likely to lead to higher long
term rates and an upward-sloping yield curve. Therefore, the positive association between the yield spread and income inequality
indicates that subsequent increases in the inﬂation rate, as predicted by the steepness of the yield curve, harm households outside
the top end of the income distribution. It closely corresponds with
Easterly and Fischer (2001) and Romer and Romer (1998), where
they assert that wealthy households are more likely to have better access to ﬁnancial instruments to hedge their income stream
against inﬂation.

and make investments today. Other possible channels are monetary policy and anticipated inﬂation rates. Overall, the ﬁndings from
this paper suggest that the information revealed by variations in the
yield spread are most likely being utilized by the households that
have better access to capital markets. An interesting line of inquiry
for future research would be to examine whether the increases and
decreases in the yield spread have asymmetric effects on changes
in the income distribution in the U.S.

5. Conclusion
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The yield spread plays a signiﬁcant role in signaling future economic conditions. It tends to be high as the economy is expected to
grow and low as economic growth is expected to slow down. Thus,
given the rich economic informational content of the yield spread,
this paper analyzes the impact that variations on economic conditions (approximated by the yield spread) have on the distribution
of income.
The results reveal that income inequality is positively related
with increases in the yield spread. This suggests that economic
growth predicted by the yield spread mainly beneﬁts households
at the top of the income distribution. One channel that might be
driving this relationship is the signiﬁcance of the yield spread in
predicting changes in expected returns in ﬁnancial markets. Note,
most ﬁnancial assets are owned by households at the top end of
the income distribution, as such, the positive expected growth in
ﬁnancial markets predicted by the yield spread will mainly beneﬁt
the owners of these assets. Another possible channel is the distribution of resources across households. When times are expected to
be good, as signaled by increases in the yield spread, it will be the
wealthy households that will take advantage of this information
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